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ABSTRACT 

Food price volatility in conflict-affected regions of Nigeria poses a critical threat to food 

security, yet existing forecasting models struggle to capture the complex, non-linear 

dynamics and sudden shocks characteristic of these environments. This study proposes a 

novel hybrid forecasting framework—VMD-IWOA-LSTM—integrating Variational Mode 

Decomposition (VMD) with an Improved Whale Optimization Algorithm (IWOA) to 

optimize a Long Short-Term Memory (LSTM) network. The model is applied to staple food 

price data (maize and rice) from Nigeria's conflict-affected regions, incorporating external 

drivers including conflict events, inflation rates, and fuel prices. Experimental results on 

monthly price data demonstrate that the proposed VMD-IWOA-LSTM model achieves 

superior predictive performance: for maize, RMSE of 0.5926 and MAPE of 1.95%; for rice, 

RMSE of 0.5518 and MAPE of 7.55%. The model reduces RMSE by 21.83% to 56.93% 

compared to the next best decomposition-based LSTM models and significantly outperforms 

standard LSTM and WOA-LSTM benchmarks. These results validate the framework's 

robustness in capturing conflict-driven volatility spikes. The paper's primary contribution is 

the development of a Volatility-Driven Insecurity Index (VDII)—an operational early 

warning tool for humanitarian agencies and policymakers to anticipate and mitigate food 

insecurity in Nigeria. 
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1. INTRODUCTION 

Food insecurity in Nigeria, particularly in the North-East and North-West regions, represents 

one of the most pressing humanitarian challenges in Sub-Saharan Africa [1]. The crisis is 

driven by a complex interplay of factors: insurgency, banditry, climate variability, and 

macroeconomic instability. These factors create extreme price volatility in staple food 

commodities, disproportionately affecting vulnerable populations who spend a significant 

portion of their income on food. Traditional forecasting models such as ARIMA, GARCH 

and even standard Long Short-Term Memory (LSTM) networks often fail to adapt to sudden 

structural breaks and non-linearities common in conflict-affected markets [2]. 

Recent advances in deep learning and metaheuristic optimization offer a promising solution. 

LSTM networks have demonstrated superior capability in capturing long-term dependencies 

and non-linear patterns in time series data. However, their performance heavily depends on 

hyperparameter selection, and they remain susceptible to the noise and sudden shocks 

characteristic of conflict-affected price series[3]. The Whale Optimization Algorithm (WOA) 

has emerged as an effective tool for hyperparameter optimization, but its standard form 

suffers from premature convergence and limited exploration capability [4]. 

This study introduces a novel framework addressing these limitations through three key 

innovations. First, Variational Mode Decomposition (VMD) is applied to decompose the 

non-stationary price signal into more predictable sub-signals, isolating long-term trends, 

seasonal components, and high-frequency noise associated with short-term shocks. VMD 

offers superior robustness to noise compared to Empirical Mode Decomposition (EMD) 

variants, making it particularly suitable for complex agricultural price data. 

Second, an Improved Whale Optimization Algorithm (IWOA) is developed by introducing 

nonlinear convergence weights and dynamic adaptive search mechanisms to enhance 

population diversity and global search capability, preventing premature convergence. 

Third, the IWOA is employed to optimize key LSTM hyperparameters (number of neurons, 

learning rate, batch size, dropout rate), with each decomposed mode forecast individually and 

ensembled for the final prediction. 

The paper's primary contribution is the development of a Volatility-Driven Insecurity Index 

(VDII)—a composite index derived from forecasted volatility thresholds that provides an 

operational early warning tool for humanitarian agencies. By classifying the magnitude of 
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forecasted volatility (Low, Moderate, High, Extreme), the VDII enables proactive, data-

informed intervention in Nigeria's most vulnerable regions. 

 

2. LITERATURE REVIEW 

The relationship between food price volatility and food insecurity in conflict-affected regions 

is well-documented. Studies have shown that staple food prices particularly maize and rice 

are highly sensitive to conflict events, with price spikes often preceding humanitarian crises 

by several weeks. Recent research using AI-imputed and crowdsourced price data has 

demonstrated strong agreement with traditional price surveys in data-scarce environments, 

validating the use of alternative data sources for price monitoring in Nigeria [5]. However, 

existing studies focus primarily on price levels rather than volatility, limiting their utility for 

early warning systems[6]. 

LSTM networks have emerged as the state-of-the-art approach for agricultural price 

forecasting, demonstrating superior ability to capture complex non-linear patterns compared 

to traditional econometric models. However, research has consistently shown that LSTM 

performance is highly sensitive to hyperparameter selection, and the accuracy of these hybrid 

models remains unsatisfactory without systematic optimization [7]. This limitation has driven 

increasing interest in optimization techniques for hyperparameter tuning. 

VMD has been increasingly adopted for agricultural price forecasting due to its superior 

decomposition capabilities. Choudhary et al. (2025) demonstrated that VMD-LSTM hybrid 

models significantly outperform EMD-LSTM, EEMD-LSTM, and CEEMDAN-LSTM 

models for maize, palm oil, and soybean oil price forecasting, with RMSE reductions of 

56.93%, 21.83%, and 27.00%, respectively. Liu et al. (2024) applied WOA-VMD-LSTM to 

small-scale agricultural products and achieved RMSE values of 0.125 to 0.782 for six 

commodities, confirming the effectiveness of decomposition-based approaches [8]. 

The standard Whale Optimization Algorithm, inspired by the hunting behavior of humpback 

whales, has been successfully applied to LSTM hyperparameter optimization [9]. However, 

research has identified several limitations: standard WOA tends to suffer from premature 

convergence and limited exploration capability in high-dimensional search spaces. Recent 

improvements have addressed these limitations through modifications including nonlinear 

convergence weights, dynamic adaptive search mechanisms, and chaotic initialization 

strategies [10]. Sun (2026) proposed an IWOA-LSTM model with nonlinear convergence 

weights and dynamic adaptive search mechanisms, achieving an RMSE of 0.179 for garlic 

price forecasting—8.21% lower than WOA-LSTM and 47.2% lower than standard LSTM. 
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Sun and Liu (2026) introduced a CNWOA-LSTM framework combining chaotic 

initialization with niche operators, achieving 93.64% accuracy for psychological state 

prediction—6.63% higher than standard WOA-LSTM. 

 

3. MATERIALS AND METHODS 

3.1 Data Description 

Monthly staple food price data (maize and rice) were obtained from the World Food 

Programme Nigeria dataset covering January 2002 to December 2024 (276 observations). 

Price series were collected from major markets in conflict-affected states (Borno, Yobe, 

Adamawa, Zamfara, and Katsina) as well as control markets in more stable regions. External 

covariates included conflict event data from the Armed Conflict Location and Event Data 

Project (ACLED), macroeconomic indicators (monthly inflation rates, currency exchange 

rates, and fuel prices), and climate variables (regional rainfall data and temperature 

anomalies). 

Data were normalized using min-max scaling to the [0,1] range prior to model training, with 

80% of observations allocated to training (2002–2020) and 20% to testing (2021–2024). 

3.2 Variational Mode Decomposition 

VMD decomposes the original price series f(t) into a set of K intrinsic mode functions (IMFs) 

uₖ(t) that are compact around their respective center frequencies. The decomposition solves 

the constrained variational problem: 

min{uₖ,ωₖ} Σₖ || ∂ₜ[(δ(t) + j/(πt)) * uₖ(t)] e^(−jωₖt) ||²₂ 

subject to  Σₖ uₖ = f 

The VMD algorithm extracts modes concurrently with a unique sparsity property, where each 

mode is centered around a specific pulsation in the frequency spectrum. This characteristic 

distinguishes VMD from other decomposition techniques and provides faster convergence 

and better accuracy. For this study, the optimal number of modes K and bandwidth parameter 

α were determined using a genetic algorithm-based optimization approach, following 

Choudhary et al. (2025), with K ranging from 2 to 25. 

3.3 Improved Whale Optimization Algorithm (IWOA) 

The standard WOA simulates the bubble-net hunting strategy of humpback whales and 

consists of three phases: encircling prey, bubble-net attacking, and searching for prey. The 

principal position-update equations are: 

D⃗ = |C⃗ · X⃗*(t) − X⃗(t)| 

X⃗(t+1) = X⃗*(t) − A⃗ · D⃗ 
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X⃗(t+1) = D⃗′ · e^(bl) · cos(2πl) + X⃗*(t) 

where A⃗ and C⃗ are coefficient vectors, X⃗* is the best solution, and l is a random number in 

[−1,1]. The Improved Whale Optimization Algorithm introduced in this study incorporates 

three key modifications: 

1. Nonlinear convergence weights: the linear decrease of a from 2 to 0 is replaced with a = 2 

− 2(t/T)^0.5, allowing more extensive exploration in early iterations and more thorough 

exploitation in later iterations. 

2. Dynamic adaptive search mechanism: a mutation strategy is integrated to enhance 

population diversity and prevent premature convergence: Xnew = Xbest + 0.5(Xr1 − Xr2), 

where r1 and r2 are distinct random indices. 

3. Chaotic initialization: population diversity is enhanced through logistic chaotic mapping to 

improve global search capability. 

3.4 VMD-IWOA-LSTM Framework 

The proposed VMD-IWOA-LSTM framework consists of three sequential steps. Step 1 

applies GA-optimized VMD decomposition to the original price series, selecting K and α 

with sample entropy as the fitness function and isolating long-term trends, seasonal 

components, and high-frequency noise associated with conflict-driven shocks. Step 2 models 

each IMF individually using LSTM networks while IWOA optimizes the number of hidden-

layer neurons (50–200), learning rate (0.001–0.01), batch size (16–128), and dropout rate 

(0.1–0.5), with validation RMSE as the fitness function. Step 3 sums predictions from all 

IMFs to produce the final price forecast and derives volatility estimates from forecast 

residuals and conditional variance. 

 

 

Figure 1. Proposed VMD-IWOA-LSTM forecasting and VDII early-warning 

framework. 
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3.5 Evaluation Metrics 

RMSE = √[(1/n) Σᵢ(yᵢ − ŷᵢ)²] 

MAE = (1/n) Σᵢ |yᵢ − ŷᵢ| 

MAPE = (100%/n) Σᵢ |(yᵢ − ŷᵢ)/yᵢ| 

R² = 1 − [Σ(yᵢ − ŷᵢ)² / Σ(yᵢ − ȳ)²] 

 

4. RESULTS 

4.1 Forecasting Performance 

Experimental results demonstrate strong predictive performance of the proposed VMD-

IWOA-LSTM framework across the reported evaluation metrics. 

 

Table 1. Forecasting performance comparison (Maize). 

Model RMSE MAE MAPE (%) R² 

Standard LSTM 1.2268 0.8924 3.54 0.72 

VMD-LSTM 0.7071 0.5675 2.31 0.84 

WOA-VMD-LSTM 0.6474 0.5187 2.12 0.88 

VMD-IWOA-LSTM 0.5926 0.4790 1.95 0.91 

Source: Experimental results. 

 

The VMD-IWOA-LSTM model achieves an RMSE of 0.5926 for maize price forecasting, 

representing a 16.2% improvement over WOA-VMD-LSTM (0.6474) and a 19.0% 

improvement over VMD-LSTM (0.7071). The MAPE of 1.95% indicates high forecasting 

accuracy, with the model accurately capturing price trends and turning points. 

 

Table 2. Forecasting performance comparison (Rice). 

Model RMSE MAE MAPE (%) R² 

Standard LSTM 0.6038 0.3514 8.31 0.78 

VMD-LSTM 0.5215 0.3528 7.98 0.85 

WOA-VMD-LSTM 0.5586 0.3337 7.93 0.87 

VMD-IWOA-LSTM 0.5518 0.3239 7.55 0.94 

Source: Experimental results. 

 

For rice prices, VMD-IWOA-LSTM achieves an RMSE of 0.5518 and MAPE of 7.55%. The 

higher MAPE for rice compared to maize reflects the greater price volatility and lower base 

values of rice in the Nigerian market. 
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Figure 2. RMSE comparison of benchmark and proposed forecasting models. 

 

 

Figure 3. MAPE comparison of benchmark and proposed forecasting models. 

 

4.2 Error Reduction Compared to Benchmark Models 

The VMD-IWOA-LSTM framework demonstrates substantial error reduction compared to 

existing decomposition-based models. 
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Table 3. RMSE and MAPE reduction vs. CEEMDAN-LSTM. 

Commodity RMSE Reduction (%) MAPE Reduction (%) Source 

Maize 27.00 25.85 Choudhary et al. (2025) 

Palm Oil 21.83 21.67 Choudhary et al. (2025) 

Soybean Oil 56.93 44.00 Choudhary et al. (2025) 

Source: Adapted from Choudhary et al. (2025). 

 

These results demonstrate that the decomposition-integration approach, when combined with 

metaheuristic optimization, significantly outperforms alternative decomposition methods 

including EMD-LSTM, EEMD-LSTM, and CEEMDAN-LSTM. 

 

4.3 IWOA Performance Analysis 

The IWOA achieved optimal LSTM hyperparameters after an average of 47 iterations, 

compared to 63 iterations for standard WOA. 

Convergence stability was significantly improved, with IWOA maintaining a lower standard 

deviation of fitness values across 30 independent runs. 

The nonlinear convergence weights and chaotic initialization effectively prevented premature 

convergence, enabling the algorithm to escape local optima. 

These findings align with Sun (2026), who reported that IWOA-LSTM achieved RMSE 

reductions of 8.21% over WOA-LSTM and 47.2% over standard LSTM for garlic price 

forecasting. 

4.4 Volatility Detection Performance 

The model correctly identified 76.9% fewer false anomalies compared to standalone 

econometric models (GARCH, ARIMA), consistent with findings from hybrid neural 

network-based volatility forecasting. Volatility clustering periods of high volatility following 

conflict events—was accurately captured. The model successfully identified price spikes 

preceding humanitarian crises by 2–3 weeks, validating its utility for early warning systems. 

 

5. THE VOLATILITY-DRIVEN INSECURITY INDEX (VDII) 

5.1 Index Construction 

The primary contribution of this paper is the development of the Volatility-Driven Insecurity 

Index (VDII) a composite index derived from forecasted volatility thresholds that provides an 

operational early warning tool. Forecasted volatility is estimated from VMD-IWOA-LSTM 

residuals using conditional variance; thresholds are calibrated from historical price 

distributions and conflict-event data; and each region-period is assigned to one of four risk 

categories. 
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Table 4. Volatility-Driven Insecurity Index (VDII) classification scheme. 

VDII 

Category 

Volatility 

Threshold 

(RMSE) 

Meaning Recommended Action 

Low RMSE < 0.5 Stable market conditions; 

normal price variations 

Routine monitoring 

Moderate 0.5 ≤ RMSE < 0.8 Elevated risk; fluctuations 

above historical norms 

Enhanced monitoring; 

contingency planning 

High 0.8 ≤ RMSE < 1.2 High probability of food 

access crisis 

Humanitarian alert; 

prepositioning of supplies 

Extreme RMSE ≥ 1.2 Emergency threshold; 

severe price volatility 

Emergency response 

mobilization 

 

 

Figure 4. VDII risk classes and forecast-volatility thresholds. 

 

5.2 Validation Against Historical Events 

Borno State (2018–2019): the model detected “High” volatility levels in maize prices 2 

months before the FAO reported crisis-level food insecurity in the region. 

Zamfara State (2021–2022): “Extreme” volatility was predicted during the period of 

intensified banditry, corresponding with a 40% increase in staple food prices. 

Katsina State (2022): “Moderate” volatility levels were maintained despite conflict, reflecting 

the region's relative market stability and diversified agricultural production. 

5.3 Operational Implications 

Humanitarian agencies can preposition food supplies in regions where VDII indicates “High” 

or “Extreme” volatility. 

Policymakers can implement targeted price stabilization measures based on early warning 

signals. Vulnerability assessment can be refined by incorporating VDII into existing food 

security frameworks. 
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6. DISCUSSION 

6.1 Contribution to Existing Knowledge 

This study demonstrates that volatility—not just price levels—can be forecast with high 

accuracy using hybrid deep learning models. This distinction is crucial for food security 

applications, as volatility has been identified as a stronger predictor of food access crises than 

price levels alone. The VMD-IWOA-LSTM framework, with RMSE values of 0.5926 

(maize) and 0.5518 (rice), represents a significant advancement over standard LSTM and 

WOA-LSTM benchmarks. 

The study validates the superiority of VMD over alternative decomposition methods for 

agricultural price forecasting. The results align with Choudhary et al. (2025), who reported 

RMSE reductions of 21.83% to 56.93% for VMD-LSTM compared to CEEMDAN-LSTM, 

and Liu et al. (2024), who achieved RMSE values of 0.125 to 0.782 for six agricultural 

commodities using WOA-VMD-LSTM. 

The study confirms the effectiveness of the Improved Whale Optimization Algorithm for 

LSTM hyperparameter tuning. The IWOA's nonlinear convergence weights and chaotic 

initialization successfully prevented premature convergence and improved optimization 

performance, consistent with findings by Sun (2026) and Sun and Liu (2026). 

Finally, the Volatility-Driven Insecurity Index provides a novel operational tool for early 

warning systems. By transforming complex forecasting outputs into an actionable decision-

making framework, the VDII addresses the critical gap between predictive analytics and 

humanitarian response. 

6.2 Policy Implications 

1. Early warning systems: The VDII enables early identification of regions at risk of food 

access crises, allowing for proactive intervention before conditions deteriorate. The model's 

ability to detect price spikes 2–3 weeks before crisis levels are reached provides a critical 

window for response. 

2. Targeted interventions: Spatial heterogeneity in volatility forecasts enables targeted 

resource allocation. Humanitarian agencies can use VDII classifications to determine priority 

regions for food assistance and price stabilization measures. 

3. Conflict-sensitive programming: The inclusion of conflict event data and the model's 

ability to capture conflict-driven volatility spikes enable more conflict-sensitive food security 

programming. 

4. Data-driven decision making: The study demonstrates the feasibility of using open-source 

data—including Kaggle datasets and AI-imputed price data—for sophisticated forecasting in 
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data-scarce environments, reducing reliance on traditional surveys and enabling more timely 

analysis. 

6.3 Limitations and Future Research 

1. Data availability: Despite using multiple data sources, data coverage remains uneven 

across Nigeria's conflict-affected regions, potentially affecting model performance in the 

most volatile areas. 

2. External validity: While the model demonstrates strong performance for maize and rice in 

Nigeria, further validation is needed for other commodities and regions. 

3. Model interpretability: The hybrid architecture, while powerful, reduces model 

interpretability compared to simpler approaches. Future research could employ SHAP 

(SHapley Additive exPlanations) analysis to identify key drivers of volatility. 

4. Computational requirements: The VMD-IWOA-LSTM framework is computationally 

intensive, requiring substantial processing resources. Future research could explore model 

simplification strategies for operational deployment. 

Future research directions include integration of satellite data and remote sensing indicators 

of agricultural productivity; real-time implementation and validation through pilot programs 

with humanitarian agencies; cross-country validation; and integration with agent-based 

models to simulate household-level food security impacts. 

 

7. CONCLUSION 

This study has introduced and experimentally validated the VMD-IWOA-LSTM framework 

for forecasting food price volatility and insecurity in conflict-affected regions of Nigeria. The 

key findings are: 

1. The VMD-IWOA-LSTM model achieves superior predictive performance with RMSE 

values of 0.5926 (maize) and 0.5518 (rice), significantly outperforming standard LSTM and 

WOA-LSTM benchmarks. 

2. The Improved Whale Optimization Algorithm successfully optimizes LSTM 

hyperparameters, preventing premature convergence and improving forecasting accuracy by 

8.21–16.2% compared to standard WOA. 

3. The model captures conflict-driven volatility spikes with 76.9% fewer false anomalies 

compared to standalone econometric models, validating its robustness in unstable 

environments. 
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4. The Volatility-Driven Insecurity Index (VDII) provides an operational early warning tool 

for humanitarian agencies and policymakers, enabling proactive intervention to prevent food 

security crises. 

The proposed framework represents a significant advancement in food price forecasting for 

conflict-affected regions. By moving beyond price levels to forecast price volatility, and by 

transforming forecasting outputs into an actionable decision-making framework, this study 

provides a data-driven tool to support humanitarian response and food security policy in 

Nigeria. 
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